Introduction
The advances in the understanding of the liver anatomy and physiology (Couinaud, 1999; Ryu & Cho, 2009) , the improvement of medical imaging techniques (Radtke et al., 2007; Handels & Ehrhardt, 2009 ) and the progressive security of surgical instrumentation, allow surgeons to design complex liver resections more accurately and efficacious without jeopardizing patient safety. Pre-operative planning has become an essential task before undertake liver surgery, and requires mandatory mapping of both inflow and outflow hepatic vasculature, the assessment of the number and spatial relationships of the tumor(s), and frequently, an estimation of the future remnant liver volume (FRLV). Several determinants may modify threshold levels for a safe FRLV (for example, the presence and extension of cirrhosis, esteatosis or post-chemotherapy sinusoidal obstructive syndrome). Therefore, healthy functional liver volume estimation and functional performance analysis are tests further needed to make the final clinical decision before extensive hepatectomies. Traditionally, FRLV has been extrapolated from preoperative computed tomography (CT) images using hepatic segmentation done manually in an otherwise time and labourconsuming process. Briefly, some commercial systems include tools that allow radiologists to manually segment 2D slices of a CT study in transverse (axial) views. Due to the high number of slices (usually ranging from 100 to 500 depending on the scanner), a sub-sampled version of the original CT is used in daily planning. However, even when using a subsampled version, the complete procedure takes longer than 30 minutes.
Many research groups work nowadays in the development of automatic and semiautomatic liver segmentation tools in order to help clinicians saving time and effort and increasing precision. Since the liver is located adjacent to other organs of similar CT gray values, and it presents a huge variability in size and shape among different patients, the development of segmentation tools has become a challenging problem with increasing interest in the last few years. In this work we first present a summary of the state of the art in this field. Secondly, we propose the application of a semiautomatic tool to segment the healthy part of the liver and estimate the healthy liver volume from CT preoperative abdominal images, using techniques based on a sophisticated 3D Level Sets definition (Fernandez-de-Manuel et al., 2009 ) that combines intensity, gradient information and curvature restrictions extended with a morphological image pre-processing and a method to easily define 3D frontiers with adjacent regions. The algorithm has been developed to solve a specific request demanded by radiologists from the research team. The requirement in our work is that the segmentation should include only healthy parenchyma excluding tumors in order not to overestimate healthy liver volumes. The proposed tool has been validated with several preoperative CT abdominal data sets. Resulting segmentations have been evaluated with respect to those obtained from radiologists' manual segmentations and supervised by clinicians.
State of the art
As it has been briefly introduced, the development of automatic and semiautomatic liver segmentation tools is particularly challenging due to liver's variability in size and shape and to the proximity to other organs of similar intensity values which generates blurred edges in CT images. Many works have been published in this field. First attempts to perform automatic liver segmentation were based on gray-level statistics (Woodhouse et al., 1994; Gao et al., 1996) . Liver gray levels can be estimated either by statistical analysis of manually segmented slices, either by histogram analysis with the aim of establishing an a priori knowledge about liver density. In most of the works based on gray-level statistics, a threshold is used to generate a binary volume that is later processed by morphological operators in order to separate desired organs. Recent gray-level methods have been presented by Soler et al. (Soler et al., 2001) , Fujimoto et al. (Fujimoto et al., 2002) , Liu et al. (Liu et al., 2005) and Lim et al. (Lim et al., 2004; Lim et al., 2005; Lim et al., 2006) . However, the high variability among liver CT images due to the differences of intensity values in different kind of tumors and the different settings regarding contrast media, make difficult the optimal operation of the methods just based on gray-level statistics. Other approaches try to overcome the problem of liver's gray-level estimation by learning graylevel features corresponding to the liver from different CT images with methods based on neural networks. Tsai and Tanahashi (Tsai & Tanahashi, 1994) , Koss et al. (Koss et al., 1999) and Lee et al. (Lee & Chung, 2000; Lee et al., 2003) presented examples of automatic detection and labeling of abdominal organs with neural networks. A common difficulty of this kind of methods is that they usually need a big and highly varied training set to learn the variability among different patients. Liver segmentation based on anatomical knowledge regarding size, position and shape of each abdominal organ includes several works that employ statistical shape models (SSM) and shape constrained deformable models. Montagnat Gao et al. (Gao et al., 1998) and Lamecker et al. (Lamecker et al., 2004) presented several of these techniques. The drawback of these methods is the model construction, which requires a huge quantity of training data properly collected in order to capture all the possible shapes; a really challenging task regarding the high amount of variable and complex liver shapes and sizes. Besides, these algorithms use to fail when processing not standard liver shapes and require too much computation time to achieve a good matching between model and image. Other works are based on the construction of probabilistic atlases. That is the case of the works presented in (Park et al., 2003; Zhou et al., 2005; Shimizu et al., 2006) . First, a registration step of training CT images into a standard space defined by landmarks (manually or automatically chosen) is needed. The probabilistic atlas is generated by spatially averaging the registered surfaces. Then, it is used to compute the probability of belonging to a certain organ for each voxel in the image. Finally, the region that maximizes the posterior probability of being the desired organ is extracted by thresholding or using an iterative algorithm. This type of techniques carries several problems. Firstly, the huge amount of training images required. Secondly, the difficulty of finding an appropriate probability function. Finally, the high computation times required. Some variants of region growing have been also applied to liver segmentation (Pohle & Toennies, 2001; Ruskó et al., 2007) . However, for those cases, sophisticated restriction methods have to be taken into account in order to avoid over-flooding. Live wire algorithms (Barrett & Mortensen, 1997) are the basis of several semiautomatic liver volume extraction tools currently used in clinical practice. An image is described as an undirected and weighted graph where pixels are represented by the vertexes, the edges connect neighboring pixels, and their weighs represent the cost of the connections computed from image features like gray value, gradient magnitude, gradient direction or Laplacian zero-crossing among others. Dijkstra's graph-search algorithm computes all possible minimum-cost paths between a starting seed point established by the user on the liver boundary and all the possible points in the image. After that, a desired boundary can be interactively chosen by selecting a free point with the mouse. Indeed, when the mouse pointer moves over the image, the previous boundary segment is deleted and the new minimal path between the seed point and the new position is displayed. When that minimal path is close to the desired boundary, the user can freeze it by adding a new seed point. It causes the reinitialization of the boundary detection. Thus, this process allows the user to have a full control over the segmentation. Many variants of this technique have been developed for years. In (Schenk et al., 2000; Schenk et al., 2001 ) the authors modified the original algorithm to reduce its computation time in order to extend it to 3D images. These methods speed up the work of radiologists manually drawing liver boundaries, but are highly dependent on the operator's skill. Different approaches widely used in liver segmentation are Level Sets and snakes (Caselles et al., 1997; Pan & Dawant, 2001; Bekes et al., 2007; Garamendi et al., 2007; Lee et al., 2007; Platero et al., 2008) , based on a speed function that controls the front propagation of an implicitly defined surface toward the liver boundary. Moreover, the propagation may be constrained by an a priori anatomic information or shape restrictions. The main problem of Level Sets is the definition of an appropriate speed function and its parameters. Finding an efficient liver segmentation algorithm able to provide good segmentation results from CT liver images and avoiding the classical problems of standard segmentation methods (such as over-flooding, under or over-segmentation, long computing times and so on) is such a challenging and important task that a recent competition has faced this 82 purpose. In October 2007, a contest whose aim was to compare different algorithms to s e g m e n t t h e l i v e r f r o m c l i n i c a l 3 D C T s c a n s w a s h o l d a s p a r t o f t h e w o r k s h o p 3D Segmentation in the Clinic: A Grand Challenge in conjunction with MICCAI 2007 (Van Ginneken et al., 2007; Heimann et al., 2009) . Teams that participated in the liver segmentation contest downloaded training and test data and submitted the results of their algorithms on test data both before and during the workshop. To evaluate the quality of a given segmentation, segmentations were compared to expert-generated references and rated according to detected deviations: Volumetric Overlap Error, Relative Volume Difference, Average Symmetric Surface Distance, Root Mean Square Symmetric Surface Distance and Maximum Symmetric Surface Distance. Some of the most successful proposals that got better punctuation were automatic methods based on statistical shape models with some additional free deformation Kainmueller et al., 2007; Saddi et al., 2007) and interactive segmentation methods requiring certain amount of user interaction such as manual refinement after a graph cut or a region growing method (Beck & Aurich, 2007; Beichel et al., 2007) , two dimensional Level Sets with initialization (Dawant et al., 2007; Lee et al., 2007) and three dimensional Level Sets with initialization of 2D contours (Wimmer et al., 2007) . However, in that workshop, the segmentation was defined as the entire liver tissue including all internal structures like big vessels systems, tumors, etc. Therefore, that segmentation definition does not exactly match the actual goal of our work (that is estimating healthy liver volumes). Recently, most of new liver segmentation methods combine different techniques: statistical shape models, mathematical morphology and Level Set approaches. (Linguraru et al., 2010) present a clinical tool developed to segment liver and spleen based on probabilistic atlases. The atlases are created using manually segmented data from non contrast CT images. The organ locations are modeled in the physical space and normalized to the position of the xiphoid. The construction of the atlases enables the automated quantifications of liver and spleen volumes and heights, later improved by a geodesic active contour. In (Suzuki et al., 2010) a computerized liver extraction scheme based on geodesic active contour segmentation combined with level-set contour evolution and applied to liver donor images is presented. In (Jiang & Cheng, 2009 ) a threshold segmentation is combined with morphological image processing and active contour models in order to extract the initial contour and segment the liver slice by slice. In (Campadelli et al., 2010) a fully automatic, gray-level based segmentation framework based on a multiplanar fast marching method is proposed. Other sophisticated methods are based on Support Vector Machines (Luo et al., 2009 ).
Proposed method
In this work we propose the application of a tool based on Level Sets to segment the healthy part of the liver in CT preoperative abdominal images. The tool has been developed following the requirements demanded by radiologists inside the team: segmentation of healthy parenchyma excluding tumors in order not to overestimate healthy liver volumes. In this sense the proposed function allows to directly segment healthy parenchyma. The tool combines a 3D active contour algorithm previously introduced in (Fernandez-deManuel et al., 2009 ) with morphological filtering and a fast manual frontier definition, in order to estimate healthy liver volumes. SSM models have been discarded due to the aim of segmenting a wide variety of shapes, sizes and liver pathologies with different kind of www.intechopen.com Liver Segmentation and Volume Estimation from Preoperative CT Images in Hepatic Surgical Planning: Application of a Semiautomatic Method Based on 3D Level Sets 83 tumors and surgical stages. For this reason, a solution based on active contours with no "a prioris" has been approached. The proposed technique only requires the user to initialize a seed and different frontier points in the most common problematic regions before the automatic computation stage. In case that the first segmentation was not satisfactory, the user could redefine or add some other frontiers and repeat the automatic stage. Normally, the initial seed or frontiers do not need to be changed. Nevertheless, in clinical environment it is useful to give the opportunity to the radiologist of certain interaction that allows refining the segmentation having into account previous result. This is very useful in difficult and strange cases. The proposed method has been validated with 5 preoperative CT abdominal data sets. Resulting segmentations have been numerically evaluated in terms of Overlap Error, Relative Volume Difference and Surface Distances with respect to radiologists' reference manual segmentations. The method has demonstrated good performance.
3D active contour algorithm
Active contour models are based on a curve (i.e. contour in 2D or surface in 3D) that evolves following different constraints given by the image. Traditionally, evolving constraints are based on the gradient of the image (Kass et al., 1987; Caselles et al., 1997) , being suitable only for images with edges well defined by gradients. However, in 3D CT abdominal images, liver boundaries are not completely defined by a gradient. As we can observe in Fig.  1 the proximity of the liver to other organs of similar CT intensity values prevents from defining all the edges using only gradient information. In order to segment objects with boundaries not necessarily defined by a gradient, (Chan & Vese, 2001) proposed an active contour method consisting on the minimization of a force that depends on the image gray values inside and outside the curve at each iterative step. This method is based on Mumford-Shah segmentation techniques (Mumford & Shah, 1989) : 
where u 0 is a given image formed by two regions, C is an evolving contour, and the constants c 1 and c 2 are the averages of u 0 inside and outside C respectively. This force can be formulated by Level Sets techniques as described in (Chan & Vese, 2001) . Level Sets based active contour implementations have become very popular, due to their ability of handling discontinuities and the possibility of topological changes. For the Level Sets formulation, C is represented by a Lipschitz function φ: 
The function (1) 
where μ≥0, γ≥0, λ1, λ2>0 are fixed parameters and Δt and h are the time and space steps respectively, used to discretize the equation in φ with a finite difference implicit scheme. The term div(∇φ n /|∇φ n |) is used to restrict the curvature of the contour. Subscripts i, j represent the position.
With parameters λ1=λ2= 1 the equation produces a lineal force that is annulled in the mean value of intensity averages c1 and c2 .With this definition the contour stops only when there is a notable difference between clear zones toward darker zones and not with sudden zones of very extreme intensities; so this method works properly only with those images that contain two homogenously well defined regions and textures. If there is a small area with an extreme intensity closer to c1 than to c2, it will be erroneously included into the segmentation, even when differing to c1 more than the absolute difference between c1 and c2. An example of this problem, hardly controlled by modifying λ1 and λ2 weights, can be appreciated in Fig. 2 (left) showing a contour based on the (Chan & Vese, 2001 ) equation growing into the ribs. In order to solve this problem, some variations inside the function defined in (Chan & Vese, 2001 ) are proposed in (Fernandez-de-Manuel et al., 2009 ) to allow segmenting a homogenous region (liver) that is adjacent to other organs with higher or lower intensities in hepatic CT scans with a variable anatomy complexity. The proposed active contour method restricts the growth of the contour to a zone limited around the average gray value inside the liver. It combines both the modified energy function based on gray values, and a morphological gradient information in order to make the algorithm more robust. The Level Sets function derives from equation (1) 
where u 0 is a 3D image formed by two regions, one with almost constant intensity (liver), and the other one with different intensity organs. φ represents the evolving 3D contour. μ≥0, γ≥0, ρ, λ1, λ2>0 are fixed parameters, the constants c 1 and c 2 depending on iteration n are the averages of u 0 inside and outside the contour respectively and Δt and h are the time and space steps respectively. The term div(∇φ n /|∇φ n |) is used to restrict the curvature of the 3D contour. Subscripts i, j, k represent the position in the image. The algorithm starts with a small surface obtained from a seed point placed inside the healthy liver. The initial surface grows iteratively following the described linear system (4). The method has been implemented for 3D images inside a MATLAB framework limiting the force evaluation to a narrow band around the contour in order to reduce the complexity.
3D Multi-resolution strategy
Due to the large size of CT abdominal images, the method has been implemented following a multiresolution strategy in order to reduce computation time. Three pyramidal steps have been used (Fig. 3) . In the first step, the resolution of the images is reduced by a factor of 4. This fast initial segmentation allows us to select the liver region and to get a first approximate surface. In the second step, the resolution is reduced by a factor of 2. A bicubic interpolation is applied in the resolution reduction process. At each step the growing surface begins with the previous step result and iterates to the actual surface of the liver. Finally, in the last step, the resolution of the image is the original one and it performs a final growing of the previous surface that segments properly the liver.
Pre-processing and definition of frontiers
The general active contour method is extended with a pre-processing step to address particular problems. Firstly, in order to guarantee that the surface evolution properties are properly fitted to the data, an interpolation is applied to make images isotropic. Next, a median filter eliminates inhomogeneities inside the liver region. Kernel size is 3 in lowest resolution levels and no median filter is used in the higher resolution level. In order to define 3D frontiers with conflictive regions, 6 points (3 segments) are selected. Each one of the segments is manually defined in each dimension (transverse, coronal and sagittal) using a multiplanar 3D viewer. These segments are integrated to reconstruct a parallelogram in the 3D space that approximates the restricted plane that separates the liver from the conflictive region. This approach allows the user to define 3D frontiers with minimal interaction. Then, a modification of the image gray values with an exponential function that grows from zero to the original gray image value around the 3D frontier is incorporated in order to restrict the surface growing around the selected area. Frontiers are typically needed for the cava vein, heart or kidney.
Post-processing
The active contour functional has been chosen carefully and its operation is convenient. However, a post-processing step is always essential in any kind of tool in order to smooth the results and fill-in small gaps. In the presented work, resulting segmentations are automatically refined with additional post-processing in order to recover original spatial representation, to smooth the surface and to eliminate unconnected zones. To complete this last step, a morphological erosion is applied to the resulting segmentation mask followed by a binary morphological reconstruction of the mask from the original seed point and a final morphological dilation.
Data and validation
The presented liver segmentation tool has been validated on five abdominal CT examinations (Table 1) . The set includes cases of different liver size, shape, intensity and pathologic state. Studies 1, 2, 4 and 5 were acquired on a Philips Brilliance 16 slice CT scanner, and study 3 was acquired on a Philips AV Expander spiral CT. The pixel spacing varied between 0.69 and 0.84 mm, the inter-slice distance varied from 1 to 5 mm. The images were segmented manually by radiologists, working slice-by-slice in transverse view. These manual segmentations were performed using all the slices of the study. The liver region was defined as the entire healthy parenchyma, excluding tumors and lesions in order to avoid overestimating the liver functional volume. The semiautomatic segmentation has been carried out following steps described in Section 3. The Level-Sets function parameters (4) were fixed to γ=0, ρ=1, λ1=1 and λ2= 1/5.5 as these values were presented in (Fernandez-de-Manuel et al., 2009) as the ones with better results in CT scans. The obtained segmentations have been evaluated by five metrics based on the ones described on (Heimann et al., 2009 ). This five metrics are as follows:
Volumetric Overlap Error (VOE), in percent:
where N i is the number of voxels in the intersection of resulting segmentation and reference, and N u is the number of voxels in the union of resulting segmentation and reference. This value is 0 for a perfect segmentation and 100 when there is no overlap.
Relative Volume Difference (RVD), in percent:
where V s is the volume of the segmentation, and V r is the volume of the reference. The best value is 0 (for exact volumes) and the worst one is 100.
Average Symmetric Surface Distance (ASSD), in mm:
,, 
where B s,i is the edge voxel i of one of the images, and B r,i is the edge voxel i of the other (the closest voxel to B s,i ). Border voxels are those belonging to the segmented liver that have at least one of their 18 nearest neighbors not belonging to the segmented liver. dist represents the Euclidean distance, not signed, in mm and taking into account the different resolutions in the different scan directions. Distances between the two sets of border voxels (one set from each image) are stored. mean represents the mean value of distances. ASSD value is 0 for a perfect segmentation.
Root Mean Square Symmetric Surface Distance (RMSD), in mm:
This measure is similar to the previous one but in this case the squared distances between the two sets of border voxels are stored. RMSD value is 0 for a perfect segmentation.
Maximum Symmetric Surface Distance (MSSD), in mm:
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This measure is similar to the previous two, but in this case the maximum of all distance is taken instead of the average. MSSD is 0 for a perfect segmentation. Table 1 shows the experiment results including case descriptions, the number of required frontiers manually selected by the user, resulting metrics, and the computation time for each examination.
Results and discussion
We can see that volume differences (absolute values of RVD) are smaller than 10% in all of the cases (Table 1 ). In all of them, the deviation is produced because of under-segmentation. Analyzing in detail the resulting images, we conclude that the region affected by these under-segmentations is, in the majority of the cases, the narrow end of the left liver lobe. This problem affects specially to the case 1 and the case 5, producing a Maximum Surface Distance bigger than 3 cm, which is exactly located in those narrow areas. Case 1 is probably the most difficult case presenting a very atypical shape and gray level distribution. In these narrow regions, the 3D contour finds difficulties to grow due to particularly restrictive curvature constraints. Further studies are warranted to correct the small misclassified areas by modifying curvature restrictions locally. Most of the tumors were not included in the liver region, according to the requirements of the clinicians. In this sense, the proposed method works properly, as it excludes hyperintense and hypointense large tumors (Fig. 4) In general, resulting segmentations satisfied clinical requirements. Overlap errors, and volume errors were considered reasonable. Special attention will be made in further studies in order to solve problems affecting small areas. However, although Maximum Distance Errors (MSSD) were considerably high, the reasonable averages (ASSD and RMSD) show that these errors were produced in very punctual areas hardly modifying volumes. Most of the frontiers were defined in zones adjacent to the heart and cava vein. The number of frontiers needed to restrict forces in those areas depended on the image and varied from 0 to 13 frontiers in the most difficult case. Further studies are also warranted in order to reduce the user interaction. The proposed method requires 7.7 minutes on average using a non optimized MATLAB code running on one core of a PC at 2.4 GHz with 4 GB memory. Time refers to the time needed for the automated computation of the segmentation result after the seed point and frontiers have been set. Computation time depends on the image size, mainly on the inter-slice distance (that vary from 1 to 5 mm in our data) and this is the reason because it goes from 3 to 11 min. Note that the highest resolution level of the process employ all the slices of the original data and this is the more time-consuming step. 
Conclusion
This chapter makes an especial effort in presenting, in a wide and complete context, the state of the art in the scope of the hepatic segmentation from CT images. It presents the newest and most sophisticated methods developed in this field in the last few years and notes the importance of hepatic volume estimation from CT scans for hepatic surgical planning. Moreover, the application of a semiautomatic liver 3D segmentation tool to segment and quantify the volume of the healthy parenchyma from CT preoperative abdominal images is presented. The tool combines a 3D active contour method implemented with Level Sets techniques with a multiresolution strategy, a morphological filtering post processing and a fast method to manually define specific frontiers. An initial seed point inside the healthy 90 parenchyma manually selected by the user is required. If desired the user can also define several frontiers to delineate the separation with problematic regions like the kidney or the heart. The method has been validated with a set of five abdominal CT preoperative images with special difficulties. Further studies are needed in order to solve specific problems related with errors in narrow liver areas and reducing user interaction. Nevertheless, the proposed method has demonstrated good performance and a noticeable reduction of the time needed with respect to manual segmentations.
